In this paper the analysis and Data-Mining of a large dataset related to a very popular Italian Virtual Community is presented. The Community is constituted by more than half-million registered users, characterized by a unique nickname. Each user has its own profile, which is filled during the registration procedure, on a voluntary basis. Two data-sets are used: the Data-Base of the Users, and the log-file of the servers hosting the Community web-site. This work is constituted by three main parts: 1) analysis and clustering of the Users DB; 2) analysis and clustering of the navigation sessions; 3) correlation of Users clusters and navigation sessions clusters. This analysis provides a complete and full-rounded picture of the Virtual Community Users.
The search for relationships between Users and page-views cannot be faced directly from the raw data-sets. The basic idea and methodological approach proposed in this work is the following: -the Users DB has been analyzed and clustered into a small number (12) of clusters; each class represents a "prototype" of User (Section 2); -the log-file of the web server has been first sessionized and then analyzed and clustered into 8 clusters using an unsupervised bisecting divisive clustering approach; each cluster represents a "navigation behavior" (Section 3); -thanks to the dimensional reduction of the two datasets (the Users DB has been reduced to 12 items; the 1-week log-file has been reduced to 8 items), it is possible to find the association map between Users and navigation sessions (Section 4). Note that this can be done since more than 10% of the page-views registered in the log-file contain the nickname of the User, stored in a cookie. This allows the linking between the Users DB and the log-file. This analysis provides a very general and full-rounded picture of the Virtual Community Users.
Analysis and clustering of the Users DB.
The bulk of the Users DB has a simple structure, which is condensed into a single table; each row is given by: -the nickname (primary-key of the table) -12 fields, describing the "profile" of the user. For each field the user can select among a finite set of items. In the data-base only the numeric code of the item selected by the user is stored. The User profile is "entertainment-oriented". According to the indications expressed by the Management of the Tiscali Virtual Community Division, the analysis of this Data-Base has been done by focusing on: -the item selected by a User within each field; -the willingness of a User to fill a specific field during the registration procedure. This is a very interesting piece of information since the profiling is made on a voluntary basis. As first step, the entire data-set of the Users DB has been transformed into a real-valued matrix M, of size 550.000 12 × . The element ij M of M represents the item of the j-th field selected by the i-th User. Using this data-set, the following preliminary analysis has been done: -the amount of Users having all "1" (all fields have been left undefined) has been computed. -the amount of Users having "1" in a specific field has been computed for each field. The results are displayed in Fig.1 The second step of the analysis made on the matrix M was the search of hidden relationships (also known as Association Rules in Data-Mining - [5] ) between the 12 fields of the profile. This analysis has been done by computing a sort of normalized "correlation" (or
has been computed as follows. First, the average mutual information ( , ) I h k between fields h and k ( [5] ) has been computed. It is defined as:
where i and j take all the possible values for the fields h and k, respectively. ( ) p E , the sample probability of the event E, has been computed by exhaustive search in M. Using ( , ) I h k , the correlation index ( )
hence can be computed as:
Note that ( ) 
Note that ( )
is not symmetric. As a matter of fact, the information on h given by k may be different from the information on k given by h. The results of this field-correlation analysis are condensed in Fig.3 , where ( )
is plotted as follows:
-each cell is coloured proportionally to the value of ( )
, where h is the field on the row and k is the field on the column; the darker the cell is, the more
is close to 1 (dark means strong correlation);
-the values on the diagonal (all equal to 1 by definition) have been set to 0, in order to enhance the colour contrast of the plot. The analysis of the correlation plot in Fig.3 reveals many interesting things. Among others: -Most of the fields are strictly correlated with the age of the User (e.g. from the choice of the "Personal Hero" the age of the Users can be easily predicted). This is somehow expected and suggests that the age is a good field for clustering. Note that the strongest correlation is between age and job. -The gender is strictly correlated to the fields: " Job", "Personal Hero", "What I like" and "Alone With." -Also the fields "Sexual Orientation" and "Alone With"
show strong correlations with many other fields. The second step of the Users DB analysis was the clustering of the data-set into 12 clusters. According to the marketing goals of Tiscali and to the indications given by the correlation analysis, the clustering has been done using 3 fields only: gender, age, and geographic region. A divisive clustering has been used (hierarchy of univariate decisions). In Fig.4 the size and the characteristics of the 12 clusters are displayed. This partition is a simple sociodemographic partition, actionable for target marketing. 
Analysis and clustering of a 1-week web-log file.
The second data set analyzed in this work is the log-file of the servers hosting the Virtual Community web-site. It is a standard log-file delivered by an Apache 1.3 web server. In Fig.5 a small sample of this huge file is shown. Each item (row) of the log-file represents a single "pageview" of a navigation session. The log-file contains, among other, the following data (see Fig.5 ): -IP address of the remote host (User); -complete time-stamp; -URL of the web page requested by the remote host; -a cookie, containing the indication of the nickname of the user. Note that the cookie is stored in the log-file only if a registered user is logged-in (only a small subset of functions of the web-site are restricted to logged-in registered users). The log-file analyzed in this work is quite huge (about 2.7 GBytes). It is referred to one week (from 00:00 of Monday, to 24:00 of Sunday) of January 2002. The treatment of such a log-file has required some non-trivial preprocessing. After pre-processing, the log-file has been stored into a single Using this single-table Data-Base, a preliminary analysis has been done: -the sample distribution of page-views with nick known (logged-in registered Users) and unknown (non-logged Users) has been computed; -the sample distribution of the page views on the 30 sets of URLs has been computed. The main results of this analysis are: -only the 12% of the page views is made by logged-in Users. This is somehow expected since most of the web-site can be seen by not-logged Users (only file uploads, profile changes, and message posting on the forum strictly require to log-in). This is in accordance to the Tiscali policy of minimizing restrictions. -The distribution of the page-views on the 30 sets of URLs is very skewed: most of the page views are condensed into 8 sets of URLs. It is interesting to note that the pages related to messenger and chat are very popular. Another peculiar thing which is worth to be noted is that a large number of hits are on "notTiscali" pages. This can be explained by the fact that the User can put in his/her profile the link to his/her personal home page (in a fashion similar to the famous www.geocities.com Virtual Community), which often is hosted on not-Tiscali domains. This confirms that personal web-pages are intensely visited during web navigation. Starting from the raw data-base extracted from the 1-week log-file, the next step is the "sessionization" of the page views. Sessionizing a log-file is known to be a tricky and subtle task, which requires some heuristics and a-priori assumptions (see e.g. [1] ). The navigation sessions have been stored into a real-valued matrix S. It is a 30 460.000 × matrix, where the element , i j S is the number of seconds spent on the the i-th URL in the j-th session of the week. The matrix S has been built as follows: -a session is constituted by a set of time-contiguous URLs requested by the same host (by the same IP); -a timeout of 15 minutes has been used (two URLs requested by the same IP, separated by more than 15 minutes are assumed to belong to different sessions);
-the last page of a session has been assigned a nominal visiting time of 30 seconds (all other visiting times can be computed as the time difference between two subsequent page-views made by the same host). The matrix S then has been clusterized using a bisecting divisive partitioning algorithm ( [6] ). According to the analysis developed in [2, 7, 8] , the bisection of the clusters was done using the cascade of the Principal Direction Divisive Partitioning (PDDP) algorithm and the bisecting K-means algorithm. For the sake of self-consistency of this paper, the PDDP algorithm is here briefly recalled. PDDP: the algorithm.
Step 1. Compute the centroid w of S.
Step 2. Compute the auxiliary matrix S as: S S we = − , where e is a N-dimensional row vector of ones, namely
Step 3. Compute the Singular Value Decompositions (SVD) of S : and N N × , respectively (see [3] ).
Step 4. Take the first column vector of U, say
and R S , according to the following rule:
K-means is probably the most celebrated and widely used clustering technique; hence it is the best representative of the class of iterative centroid-based divisive algorithms.
PDDP is a recently proposed technique ([2]
). It is representative of the non-iterative techniques based upon the Singular Value Decomposition (SVD) of a matrix built from the data-set. The main difference between K-means and PDDP is that K-means is based upon an iterative procedure, which, in general, provides different results for different initializations, whereas PDDP is a one-shot algorithm, which provides a unique solution. Is has been proven that the best performance (in terms of quality of partition and of computational effort) can be obtained by applying PDDP, followed by K-means initialized with the PDDP result. The PDDP+K-means algorithms has been first applied to S; after the first bi-sectioning step, the decision on the cluster to split has been made heuristically, by direct inspection of the actual clusters. The final result is a 12-cluster partition. The same procedure has been applied to the smaller matrix
S is made by the subset (about 3%) of navigation sessions made by registered logged-in Users. This partition is made by 8 clusters. The details on the whole partition-tree (taxonomy) of 0 S are displayed in Fig.6 . The "leaves" of this partition are displayed in Fig.7 . This partition will be used in the next Section, where Users and sessions will be correlated. By inspecting the clustering results in Figs.6-7 the following remarks are due: -as expected, the partition made by PDDP+K-means shows the most typical navigation sessions. Note, in particular, the relevance of messenger-based or chatbased sessions, and the navigations spent onto notTiscali domains. -Note that the percentage of logged-User sessions is 3%, whereas the percentage of logged-User pageviews is 12%. This clearly shows that logged registered Users perform navigation sessions which are much longer than the average session time.
Relationships between users and sessions.
The last step of the analysis presented in this work is the search of the main relationships between the Users DB and the navigation log-file. As already said in the Introduction, this task cannot be faced directly from the raw data-sets. The basic idea was to pre-process and reduce the Users DB to 12 clusters, and the log-file to 8 "prototype" clusters of sessions. The correlation then is searched between clusters.
In this way the complexity of the problem is enormously reduced, and the results can be more easily interpreted.
Regarding the 12 clusters of Users and the 8 clusters of navigation sessions, the following remarks are due: -the navigation sessions considered in this analysis are the subset S 0 (about the 3% of sessions, corresponding to the 12% of page-views) of sessions made by logged-in registered Users. These sessions contain the "signature" of the nickname of the User; -the Users considered in this analysis are the subset of Users (about 3.000) who logged-in in the "People" web-site at least once during the analyzed week. It is interesting to note that the distribution of these 3.000 users among the 12 clusters is remarkably different from the distribution of the whole set of 550.000 Users. For example, the 3.000 "active" users registered in the log-file have a much higher willingness to fill the profile during registration. To perform the correlation analysis between Users and sessions, a matrix C of dimension 12 8 × has been built:
-According to his/her profile, each of the 3000 Users has been classified into the i-th of the 12 Users cluster (hence it has been associated to the i-th row of the matrix C); the whole set of sessions made by such User has been extracted from the sessions-matrix 0 S . Each session then has been classified into one of the 8 session clusters. -A row vector of size 8 is built for each user; this vector represents the sample probability distribution (its sum is normalized to 1) of the types of sessions made by that user during the week. -All the rows of the Users belonging to the i-th cluster have been summed. The result has been normalized and represents the i-th row of the matrix C .
-The matrix C has been computed from C by dividing (scaling) each column of C by the average value of the column. The plot of C is in Fig.8 . The colour (darkness) of each cell of Fig.8 is proportional to the value of C(i,j), where i is the User cluster (row) and j is the session cluster (column). By analysing the results displayed in Fig.8 , the map of the main association rules between clusters of Users and clusters of sessions can be built. This map is displayed in Fig.9 . From this figure many interesting pieces of information can be drawn. Among others: males seems to be very related to long and various sessions; females seems to be primarily interested to sessions with forum or chat; long sessions focused on the messenger seem very correlated with Users who left the gender blank. 
Conclusions.
In this paper a case study of Data-Mining is presented: two heterogeneous and very large Data-Bases of a Virtual Community have been analyzed and correlated. The approach used for this analysis has been the preliminary pre-processing and independent clustering of the two DataBases, and then the correlation of the clusters only. This approach revealed well-suited to manage this kind of data, and a complete and easy to interpret picture of the Virtual Community Users has been built.
